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Despite decades of research, gaining a comprehensive understanding of carbon (C) 2 
cycling in forests remains a considerable challenge.  Uncertainties stem from persistent 3 
methodological limitations and the difficulty of resolving top-down estimates of 4 
ecosystem C exchange with bottom-up measurements of individual pools and fluxes.  To 5 
address this, we derived estimates and associated uncertainties of ecosystem C fluxes for 6 
a 100-125 year old mixed temperate forest stand at the Bartlett Experimental Forest, New 7 
Hampshire, USA, using three different approaches: (1) tower-based eddy covariance, (2) 8 
a biometric approach involving C flux measurements of individual ecosystem 9 
subcomponents, and (3) an inventory approach involving changes in major C stocks over 10 
time.  Our analysis made use of 13 years of data, collected over the period from 2004 to 11 
2016.   12 
Estimates of mean annual net ecosystem production (NEP) ranged from 120-133 13 
g C m-2, demonstrating strong agreement among methods and suggesting that this aging 14 
forest acts as a moderate C sink.  The use of multiple approaches to measure C fluxes and 15 
their uncertainties helped place constraints on difficult-to-measure processes such as 16 
aboveground contributions to ecosystem respiration and belowground allocation to 17 
mycorrhizal fungal biomass (which was estimated at 20% of net primary production).   18 
Analysis of interannual variability in C fluxes revealed a decoupling between 19 
annual wood growth and either current year or lagged NEP or GPP, suggesting that 20 
source limitation (C supply) is likely not controlling rates of wood production, at least on 21 
an interannual scale.  Results also demonstrated a strong association between the 22 
maximum rate of C uptake during the growing season (Amax) and the length of the 23 
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vernal window, defined as the period of time between soil thaw and the onset of 24 
photosynthesis.  This suggests an important, but poorly understood, influence of winter 25 
and spring climate on mid-summer canopy physiology.  Efforts to resolve the 26 
mechanisms responsible should be prioritized in light of ongoing and predicted changes 27 
in climate for the northeastern U.S. region, particularly during the winter and winter-28 
spring transition period.   29 
 30 
*Corresponding author; Andrew.Ouimette@unh.edu  31 
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1. Introduction 32 
Forests represent the dominant land cover type in the northeastern United States (Foster 33 
and Aber. 2004) and are widely regarded as carbon sinks given their state of recovery 34 
from widespread agriculture in the 19th century (Caspersen et al., 2000; Goodale et al., 35 
2002).  However, the ability of these aging secondary forests to continue to act as net 36 
carbon sinks as they transition to late-successional stands is unclear.  Although a 37 
commonly accepted view is that old-growth forests are carbon neutral (Odum, 1969), 38 
more recent reviews indicate that late successional forests can often act as net carbon 39 
sinks (Luyssaert et al., 2008).  Additional data on the net carbon flux of eastern North 40 
American forests should improve our understanding of the ability of these forests to 41 
continue to act as net carbon sinks. 42 
Approaches to estimating net C exchange in forests include eddy covariance flux 43 
towers, biometric estimates of growth and respiration, and changes in important C stocks 44 
over time.  Each of these has inherent strengths and limitations.  Eddy flux towers 45 
provide direct measurements of net CO2 exchange at high temporal resolution, but can 46 
suffer from unquantified advective losses (e.g. Aubinet et al., 2012; Novick et al., 2014; 47 
van Gorsel et al., 2009; Vickers et al., 2012), data gaps during calm periods, and non-CO2 48 
C fluxes.  Eddy flux measurements also lack information on how C is allocated to various 49 
ecosystem components (e.g. foliage, wood, fine roots, mycorrhizal fungi), that possess a 50 
range of functions and C residence times and that are required to more fully test 51 
ecosystem models.   52 
Biometric approaches that quantify the difference between net primary production 53 
(NPP) and heterotrophic respiration (Rh), can provide independent estimates of net 54 
5 
 
ecosystem C exchange and can shed light on how C is allocated among various pools.  55 
However, this requires estimates of difficult-to-measure fluxes (e.g. belowground 56 
biomass production), which can introduce substantial uncertainties (Clark et al., 2001) 57 
Estimating net C exchange from changes in major C stocks offer yet another 58 
approach, the benefits of which include its straightforward nature and lack of reliance on 59 
difficult-to-measure fluxes.  However, belowground C pools are large and notoriously 60 
variable, making change detection extremely difficult (Vadeboncoeur et al., 2012).  And, 61 
on its own, this method doesn’t offer insight into mechanisms or subcomponent C fluxes.  62 
Consistency between top-down and bottom-up C quantification approaches can greatly 63 
enhance confidence in estimates of an ecosystem’s C balance.  Taken together, data from 64 
multiple approaches can also provide estimates on a full suite of ecosystem C fluxes to 65 
which ecosystem models can be more thoroughly compared.   66 
Here we used multiple methodological approaches to compile a comprehensive 67 
carbon budget for an aging (100-125 year old) mixed temperate forest in New England 68 
(Bartlett Experimental Forest, NH).  This included a comparison of net and gross 69 
ecosystem C fluxes using 3 complementary approaches (eddy covariance, biometric 70 
estimates of NPP and Rh, and a modified C inventory approach) for 13 years (2004-2016) 71 
of data. We included estimates of uncertainty for all three approaches, and highlight how 72 
the comparison of several independent methodological approaches provided more 73 
confidence in estimates of difficult-to-measure respiratory and belowground fluxes.   74 
Finally, drivers of interannual variations of C fluxes were evaluated by comparing net 75 
ecosystem production (NEP), gross primary production (GPP), ecosystem respiration 76 
(Re), and wood growth to an array of climatic, phenological, and biological variables.   77 
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2. Methods 78 
2.1. Site description 79 
Bartlett Experimental Forest (BEF) (44o06’N, 71o3’W) is located within the White 80 
Mountain National Forest in north-central New Hampshire, USA (Figure 1). The climate 81 
is humid continental with cool summers (mean July temperature, 19oC) and cold winters 82 
(mean January temperature, –9oC).  Mean annual temperature is 6oC and mean annual 83 
precipitation is 1270 mm (for additional site information, see 84 
http://www.fs.fed.us/ne/durham/4155/bartlett.htm).  The forest within the eddy 85 
covariance tower footprint was cutover circa 1900 and some areas were damaged by the 86 
1938 hurricane.  In the past decade there has also been small-scale forest management 87 
just outside the tower footprint, but mean stand age is roughly 100-125 years.  Average 88 
canopy height is approximately 20–22 m within the tower footprint and is composed of a 89 
diverse assemblage of species including Acer rubrum (29%), Fagus grandifolia (25%), 90 
Tsuga canadensis (14%), Betula alleghaniensis (9%), Betula papyrifera (6%), Fraxinus 91 
americana (5%), Acer saccharum (5%), and Populus grandidentata (4%), with minor 92 
amounts of other coniferous species.  Soils are generally acidic Spodosols and Inceptisols 93 
derived from granitic till, and poor in both Ca and P (Vadeboncoeur et al., 2014).  Foliar 94 
N and ecosystem N cycling rates are both low relative to other mixed hardwood sites in 95 
the region (Ollinger et al., 2002). 96 
In 2003, BEF was adopted as a NASA North American Carbon Program (NACP) 97 
Tier-2 field research and validation site. During this time a 26.5 m tower was installed in 98 
a low-elevation (290 m) mixed hardwood stand for the purpose of making eddy 99 
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covariance measurements of the forest–atmosphere exchange of carbon dioxide, water, 100 
and sensible heat. Continuous flux and meteorological measurements began in January, 101 
2004 and are ongoing (data are available online from AmeriFlux, 102 
http://www.public.ornl.gov/ameriflux/).  In 2004, 12 FIA-style plots (Hollinger, 2008) 103 
were established across a 1 km by 1 km area centered on the flux tower for the purpose of 104 
making complimentary biometric measurements of carbon pools and fluxes.  BEF is also 105 
a NEON relocatable site (construction began in the summer of 2013) and the new flux 106 
tower is located within 100 meters of the existing flux tower.    107 
2.2. Eddy covariance estimates of C flux and uncertainty 108 
The eddy covariance system provides direct measurements of the net ecosystem 109 
exchange rate of CO2 between the forest canopy and the atmosphere (NEE).  Eddy 110 
covariance estimates of NEE, after accounting for a change in sign, are equivalent to net 111 
ecosystem production (NEPEC) assuming that sources and sinks of inorganic C are 112 
negligible (Chapin III et al., 2006).   113 
Forest–atmosphere CO2 flux (NEE) was measured at a height of 25 m with an 114 
eddy covariance system consisting of a model SAT-211/3K 3- axis sonic anemometer 115 
(Applied Technologies, Longmont, Colo.) and ducted to a model LI-6262 CO2/H2O 116 
infrared gas analyzer (Li-Cor, Lincoln, Neb.), through 2500 cm of 0.476 cm ID 117 
polyethylene tubing at 75 cc s-1 with data recorded at 5 Hz and fluxes (covariances) 118 
calculated every 30 minutes. In 2014 the LI-6262 was replaced with a model LI-7200 119 
analyzer. Average (30 minute) meteorological variables (e.g. air and soil temperatures, 120 
incoming solar radiation, etc.) measured at the tower were recorded concurrently.  The 121 
instrument configuration, calibration protocol, QA/QC, and data processing procedures 122 
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were identical to those used at the Howland AmeriFlux site in central Maine, USA, and 123 
have been documented in detail elsewhere (Hollinger et al., 2004).  Site visits by the 124 
AmeriFlux Tech Team took place in the summers 2006 and 2016, to confirm overall 125 
quality of the flux and meteorological measurements. 126 
Half-hourly NEE data were filtered to remove time periods with low atmospheric 127 
turbulence where advective losses were likely significant similar to Barr et al. (2013). 128 
Following this approach a median ustar threshold of 0.50 ± 0.10 was detected and used 129 
across all seasons and years.  Gaps in NEE were filled using the (Barr et al., 2004) 130 
Fluxnet-Canada method (FCM) with slight modifications, including: mild exclusion of 131 
NEE outliers; use of a weighted mean of soil and air temperature as the independent 132 
variable for estimating Re; and delineation of nighttime periods from global shortwave 133 
radiation of less than 5 W m2.  Random uncertainties in NEE were estimated following 134 
(Richardson and Hollinger, 2007).  NEE was partitioned into gross primary production 135 
(GPPEC) and total ecosystem respiration (ReEC) using the FCM method.  Further details 136 
of the gap-filling an partitioning methods used are presented in Barr et al. (2013). 137 
2.3. Biometric estimates of carbon fluxes with uncertainty 138 
In addition to eddy covariance, we used measurements of individual ecosystem 139 
components to make biometric estimates of gross and net carbon fluxes.  For biometric 140 
estimates of NEP, (NEPB), we subtracted heterotrophic respiration (Rh), including 141 
respiration from dead woody biomass (RDW), and the heterotrophic portion of soil 142 
respiration (RSH), from total net primary production (NPP), including NPP from foliage, 143 
aboveground woody tissues, understory production, fine and coarse roots, and 144 
mycorrhizae (Table 1).  We also calculated biometric estimates of gross primary 145 
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production (GPPB) and ecosystem respiration (ReB).  GPPB was calculated by summing 146 
all sources of NPP, with all sources of autotrophic respiration, including autotrophic 147 
respiration from foliage, aboveground wood, and the autotrophic portion of soil 148 
respiration (Table 1).  Biometric estimates of ReB were calculated by summing all 149 
sources of heterotrophic and autotrophic respiration including total soil respiration, 150 
respiration from coarse woody debris and standing dead wood, as well as from foliar and 151 
woody tissues.   152 
2.3.1. Aboveground production 153 
Beginning in 2004 estimates of aboveground carbon pools and fluxes were made on 12 154 
plots within a 1 km by 1 km area centered on the flux tower with a similar layout, but 155 
larger size, to that described in Hollinger (2008).  Each of the 12 plots contains four 10 m 156 
radius subplots for a total of 48 subplots within the 1 km2 footprint of the flux tower.  157 
Each subplot contains 3 soil respiration collars, 2 litterfall traps, and 1 branchfall 158 
collection tarp, resulting in 154 soil respiration collars, 96 litterfall traps, and 48 159 
branchfall collection tarps within the 1 km2 footprint around the flux tower.  We followed 160 
established methods for estimating woody biomass and production (Clark et al., 2001; 161 
Curtis, 2008), litterfall and branchfall (Bernier et al., 2008), and biomass of coarse woody 162 
debris (Valentine et al., 2008).   163 
In each of the 48 subplots within the 1 km2 footprint of the flux tower the 164 
location, diameter at breast height (dbh), and species of all trees greater than 12.7 cm 165 
were recorded annually from 2004-2016.  For small trees (2.54 to 12.7 cm dbh), all trees 166 
were measured within a 2 m radius microplot within each subplot, with microplot center 167 
4 meters (at an azimuth of 90o) from subplot center.  Dbh measurements on all trees were 168 
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made each year after leaf fall in late October/early November by the same three person 169 
team using paint markings to improve the consistency of repeat measurements.   170 
To calculate the NPP of live woody tissues (both large and small trees), estimates 171 
of live woody biomass of the previous year were subtracted from current year estimates, 172 
while holding the dbh of any trees that died throughout the study period constant at the 173 
last live measurement as recommended in Clark et al. (2001).  Above and belowground 174 
woody NPP and associated uncertainty were then calculated using a Monte Carlo 175 
simulation approach similar to that described by Yanai et al. (2010).  This approach 176 
estimates the statistical distribution of the output of a calculation through multiple 177 
iterations in which the input data are chosen randomly based on their underlying 178 
distributions.  Specifically for each iteration the measured diameter of each tree was 179 
allowed to vary randomly with a normal distribution using standard deviation (s.d.) of 0.1 180 
cm.  The percent carbon (%C) of woody material was varied randomly for both 181 
hardwood species (mean of 48% and s.d. of 1%) and for coniferous species (mean of 182 
50% and s.d. of 1%).  Because many allometric equations lack estimates of error, we 183 
simulated uncertainty due to allometric modeling by randomly selecting between 3 184 
different sets of allometric models.  Two local species specific allometric models 185 
(Whittaker et al., 1974; Young et al., 1980), and one set of generalized (taxonomically 186 
grouped) allometric models (Chojnacky et al., 2014) were chosen randomly for each 187 
iteration.  For each iteration, %C and choice of allometric model were held constant for 188 
all years.  The mean and 95% confidence interval of 1000 iterations were used to derive 189 
NPP (difference between current and previous year woody biomass), and associated 190 
uncertainty measurements for each subplot for each year.  Uncertainties from the Monte 191 
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Carlo simulations were propagated with spatial (plot to plot) and temporal variability 192 
using classical error propagation techniques (see Section 2.6.).   193 
Annual branchfall collections were used to calculate a mean estimate of the 194 
contribution of branchfall to woody carbon flux, while annual foliar and fruit/flower 195 
collections were used to calculate a mean estimate of carbon flux to foliar/fruit/flower 196 
production.  Branchfall (<5 cm diameter) was collected once per year in October, using 197 
one 3.34 m2 branchfall tarp on each subplot for a total of 48 branchfall tarps.  Annual 198 
foliar and fruit/flower production were estimated by collection of aboveground litterfall 199 
using 2 litterfall traps (0.24 m2) randomly placed in each subplot.  Litter was collected 2-200 
5 times each fall and once the following spring.  To convert branchfall and litterfall into 201 
C fluxes, annual biomass collections were multiplied by the mean %C (49%).  202 
Uncertainty due to %C, spatial variability, and temporal variability were summed using 203 
standard error propagation techniques (using a 2% standard error for %C) and reported as 204 
95% confidence intervals.    205 
The contribution of understory production to total NPP was estimated using 206 
allometric models and annual seedling surveys on 2 meter diameter microplots in each of 207 
the 48 subplots, following methods described in (Chojnacky and Milton, 2008).  208 
Uncertainty due to spatial and temporal variation as well as uncertainties in %C were 209 
propagated using standard techniques. 210 
2.3.2. Belowground production 211 
Production of fine roots (<2 mm diameter) was estimated using ingrowth cores.  Within 212 
the tower footprint, 90 individual year-long (late October 2013 – late October 2014) cores 213 
were installed to 30 cm depth.  Total root mass per area found in the ingrowth cores was 214 
12 
 
assumed to represent annual fine root production.  Estimates were not corrected for the 215 
tendency of cores to overestimate root biomass or to account for root growth below 30 216 
cm depth.  Omitting these two biases likely has a small effect on estimates of root 217 
production; Park et al. (2007) found that in stands at Bartlett Experimental Forest cores 218 
tended to overestimate by 27% (compared to soil pits) while sampling to only 30 cm led 219 
to a 28% underestimate of root biomass.  Uncertainty due to spatial variation and %C 220 
(49% ± 2%), were propagated using standard error propagation techniques.   221 
 Estimates of ectomycorrhizal (ECM) fungal production were made using a stable 222 
isotope approach described in (Hobbie and Hobbie, 2008; Ouimette et al., 2013).  Briefly, 223 
ECM fungi discriminate against 15N during the creation of nitrogen (N) transfer 224 
compounds for plant hosts.  The fraction of nitrogen transferred to ECM hosts (Tr) can be 225 
calculated (eq. 1), using the fractionation factor during mycorrhizal transfer of N (∆f), 226 
and the 15N:14N ratios (expressed as δ15N) in plant (δ15NPlant) and soil available N 227 
(δ15NAvail).   228 
 229 
Tr = 1 + (δ15NPlant – δ
15NAvail)/∆f        (1) 230 
 231 
The amount of C allocated to ECM fungal biomass can then be calculated 232 
stoichiometrically (eq. 2) using the fraction of N transferred to plant host (Tr), plant host 233 
N demand, and the C:N ratio of fungi as:   234 
 235 




where Ndemand is annual plant N demand, C/Nfungi is the C/N ratio of ECM fungi, and fECM 238 
is the biomass fraction of ECM trees within the stand.  Here we used the δ15N of co-239 
located (by depth) root and soil samples to calculate Tr, net annual changes in foliar, 240 
wood, and fine root N stocks to calculate plant N demand.   241 
As an alternative approach to assess our estimates of mycorrhizal production we 242 
compared biometric estimates of NEP to estimates of NEP from eddy covariance and C 243 
inventory approaches.  Specifically, production of mycorrhizal fungi was initially 244 
included as a component of NEPB (NEPB was calculated as total NPP minus the 245 
heterotrophic portion of ecosystem respiration – Table 1).  We additionally calculated 246 
NEPB omitting our measured mycorrhizal fungal C flux.  To do this we ran Monte Carlo 247 
simulations (10,000 iterations) to calculate NEPB, allowing estimates of each component 248 
of NPP and Rh to vary with their measured/estiamted distributions (similar to Yanai et 249 
al., 2010).  Estimates of NEPB that both included and omitted our estimate of mycorrhizal 250 
NPP were compared to NEP estimates from eddy covariance and C inventory 251 
approaches. 252 
Additionally, we estimated total belowground carbon allocation (TBCA) using the 253 
mass balance approach described in Raich and Nadelhoffer (1989) and Davidson et al. 254 
(2002).  Specifically, TBCA was estimated as the difference between total soil respiration 255 
and fine litterfall.  This approach assumes that changes in the stocks of soil organic 256 
matter, roots, and litter are in near steady state or small relative to soil respiration and 257 
litterfall. 258 
2.3.3. Soil respiration 259 
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Soil respiration was measured using infra-red gas analyzers (IRGA) in conjunction with 260 
both static chambers and autochambers.  The static chambers consisted of a 10 inch PVC 261 
collar permanently inserted ~5 cm into the soil.  Three collars per subplot (144 chambers 262 
across the 1 km2 tower footprint) were measured roughly every 3 weeks during the snow-263 
free portion of each year using a LICOR 820 CO2 gas analyzer during 2004-2007 (>3400 264 
measurements).  Simultaneous soil moisture and temperature measurements were made at 265 
5 cm soil depth.  Chamber volumes were measured every year but were approximately 266 
5.5 liters.  After scrubbing the chamber to ~30 ppm below ambient CO2 concentrations, 267 
concentrations were measured every 2 seconds over a 60 second period.  The flux was 268 
calculated as follows:  flux (umoles CO2 m
-2 sec-1) = PV/RTA * (dxCO2/dt), where P is 269 
chamber pressure in bar, V is chamber volume in m3, T is chamber air temperature in 270 
Kelvin, A is chamber area in m2, R is the ideal gas law constant or 0.0000834472 m3∙bar 271 
K-1∙mole-1, and (dxCO2/dt) is the rate of change of the mole fraction CO2 concentration in 272 
the chamber (umoles sec-1).     273 
During 2007-2008 five autochambers were operated on a single plot continuously 274 
during the snow-free periods of the year (>5600 measurements) following methods 275 
described in (Phillips et al., 2010).   276 
To derive annual soil CO2 flux estimates for both static and autochambers, 277 
measured CO2 flux rates from the chambers were fit using a Gauss-Newton optimization 278 
method in JMP 13.0 statistical software (SAS 2016), to a suite of respiration models 279 
(Richardson et al., 2006) including Q10 temperature, temperature and time varying Q10, 280 
soil water content modulated Q10, Arrhenius, and logistic response functions.  For most 281 
models, fit parameters did not vary significantly between years for either static or 282 
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autochambers (results not shown), thus measurements from all years were pooled to 283 
derive modeled parameters for each chamber type. 284 
Model best fits (using data from 2004-2008) were applied to continuous (every 30 285 
min) temperature and moisture measurements made at the base of the eddy covariance 286 
flux tower (5 cm depth) to estimate annual soil CO2 flux rates for each chamber type 287 
during all years (2004-2016).  Lower and upper 95% confidence intervals were estimated 288 
for each model and chamber type. Since annual CO2 flux rates and model goodness of fit 289 
varied minimally among model types, results from a logistic fit are reported to minimize 290 
gap-filling artifacts between chamber-based soil respiration and eddy covariance tower-291 
based ecosystem respiration estimates (also modeled logistically). 292 
 Soil CO2 flux during winter months was estimated using the logistic fit (above), 293 
derived from measurements during the snow-free season.  Because winter respiration 294 
fluxes can be similar in magnitude to NEP, a more direct estimate of wintertime 295 
respiration was also made during the winter of 2011-2012 using the soda lime technique 296 
described in Grogan (1998) and Keith and Wong (2006).  Briefly, roughly 800 g of oven-297 
dried, soda lime were left from November 17, 2011 to March 21, 2012 (125 days), in an 298 
enclosed chamber (surface area = 0.06783 m2).  All post-collection soda lime weights 299 
were blank-corrected using the mean of 6 field blanks prior to flux calculation.  Because 300 
estimates of winter respiration using the soda lime technique (data not shown) were 301 
similar to those estimated using a logistic fit from chamber measurements, soil CO2 flux 302 
during winter months was estimated using the logistic temperature response model 303 
described above.  304 
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 To scale up to the forest stand, chamber-based soil CO2 flux measurements were 305 
corrected for the area occupied by rocks and tree root crowns (roughly 13%) similar to 306 
Bae et al. (2015).  Uncertainty was estimated by propagating uncertainty due to soil 307 
rockiness, model fit, as well as spatial and temporal variability.      308 
2.3.4. Partitioning Rs into autotrophic and heterotrophic components 309 
No attempt was made to directly measure the contribution of autotrophic (RSA) or 310 
heterotrophic (RSH) respiration to total soil respiration (RS).  Instead we used several 311 
different approaches to partition RS.  First, the Global Database of Soil Respiration 312 
Version 3 (Bond-Lamberty and Thomson, 2014) was used to derive a relationship 313 
between RSH and RS.  We used data from non-experimentally manipulated, temperate, 314 
deciduous, forest ecosystems with quality check flags of Q0, Q01, Q02, and Q03 (n = 315 
114) to derive the following relationship between annual RSH and RS: RSH = 1.925 316 
(±34.392) + RS*0.534 (±0.045).  This relationship was used with measured estimates of 317 
mean annual RS to derive annual estimates of RSH (and RSA by difference).  Monte Carlo 318 
simulations using the uncertainty in annual RS and in the relationship between RS and RSH 319 
were used to estimate uncertainty in RSH and RA and reported as 95% confidence 320 
intervals as described above.  As an additional approach to help assess the uncertainty in 321 
estimates of RSH, we estimated RSH independently by summing all detritus inputs 322 
(branchfall, foliar litterfall and root and mycorrhizal production) following (Bond-323 
Lamberty et al., 2004).  This independent approach was compared to estimates of RSH 324 
using the portioning method described above. 325 
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2.3.5. Respiration from woody biomass 326 
To estimate annual respiratory losses from dead woody material, estimates of dead 327 
woody C stocks were multiplied by the mean decay rate for hardwood species from 328 
Russell et al. (2014) (hardwood species comprised 97% of the standing dead woody 329 
biomass pool).  Dead woody biomass was assumed to have 49% C (Thomas and Martin, 330 
2012) with a standard error of 2%.  Uncertainty due to initial estimates of dead woody 331 
biomass, %C, and decay rates from Russell et al. (2014) were propagated using standard 332 
error propagation techniques and reported as 95% confidence intervals.   333 
 No direct measurements of respiration from live woody biomass were made.  334 
Instead, we used two approaches to estimate losses of CO2 from live woody biomass.  335 
First, to derive a “biometric” estimate that was independent of eddy covariance 336 
measurements, live woody respiration was assumed to be equal to 0.118 of biometric 337 
GPP, the median ratio of woody respiration to GPP of mature and old growth forests (> 338 
50 years old; n = 16) reported in the database of (Litton et al., 2007).  Uncertainty was 339 
reported as 0.75 of the mean annual flux.   340 
Additionally, we derived estimates of aboveground respiration (including foliage 341 
and live and dead woody biomass) as the annual difference between eddy covariance 342 
estimates of ecosystem respiration and soil respiration from chamber measurements.       343 
2.3.6. Foliar respiration 344 
Dark respiration for live foliage was estimated using species-specific leaf-level 345 
measurements of dark respiration and scaled to the stand and annual scales using 346 
estimates of stand leaf area index (LAI) and a temperature sensitive Q10 response 347 
function.  Specifically, gas exchange measurements of dark respiration were conducted 348 
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during August of 2014 and July/August of 2016 on cloud-free days between 1000 - 1500 349 
EST using a portable gas exchange system (LICOR-6400xt, LICOR, Lincoln, NE, USA), 350 
equipped with a standard 2 × 3 cm leaf cuvette and a LICOR-6400-02B LED light 351 
source. During measurements [CO2] was maintained at a value of 400 ppm, relative 352 
humidity at 50%, and temperature held constant at a temperature of 24.5°C (reference 353 
temperature).  Species-specific estimates of foliar dark respiration (n=75 across all 354 
species) were then weighted by the fractional contribution of each species to stand LAI to 355 
derive a stand-level dark respiration rate at the reference temperature (Rdref).   356 
A Q10 response function (eq. 3) was used to estimate dark respiration rates at 357 
temperatures other than the reference temperature using Rdref and half hourly 358 
measurements of air temperature (periods when PAR < 5 umoles m-2 sec-1), where for eq. 359 
3, Tair and Tref, were the measured air temperature and reference air temperature 360 
(24.5oC), respectively. 361 
  362 
Foliar dark respiration rate = Rdref  x Q10
(Tair – Tref)     (3) 363 
 364 
Because the Q10 temperature response function of foliar dark respiration is known to 365 
vary over short timescales with changes in ambient temperature, Q10 was allowed to vary 366 
with ambient temperature following (Tjoelker et al., 2001; Q10 = 3.22 – 0.046 * air 367 
temperature).  Annual stand-level foliar dark respiration rates were then made by 368 
multiplying temperature adjusted dark respiration rates by estimates of stand LAI 369 
summing half hourly estimates.   370 
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Uncertainty due to variation in leaf-level dark respiration rates, as well as 371 
uncertainty in estimates LAI and the temperature response function reported in (Tjoelker 372 
et al., 2001) were quantified using Monte Carlo simulations as described above where 373 
estimates of each parameter were allow vary with their measured distributions.   374 
  375 
2.4. Changes in carbon stocks (∆C) 376 
To complement eddy covariance and biometric estimates of NEP, we estimated the mean 377 
annual change in total ecosystem carbon stocks (∆C) using a modified carbon inventory 378 
approach.  Inventory approaches rely on knowing the carbon stock of various ecosystem 379 
pools at two points in time.  In closed-canopy forest stands, the pools of primary 380 
importance are live and dead woody biomass, as well as soil carbon.  Here we focus on 381 
changes in woody carbon stocks and assume that changes in soil carbon stocks were 382 
minimal as was found from measurements at mature stands in nearby Hubbard Brook 383 
Experimental Forest (Yanai et al., 2013).  Changes in soil carbon stocks would be very 384 
difficult to detect over a 13 year study period (Vadeboncoeur et al., 2012).  Instead, in 385 
these mature (100-125 year old) stands we assumed that there was little to no net change 386 
in annual soil C stocks; however, we included an uncertainty of ± 40 g C m-2 yr-1 (Post 387 
and Kwon, 2000).   388 
To estimate changes in woody carbon stocks, we used a modified inventory 389 
approach.  First, in 2004, we made initial measurements of standing live and dead woody 390 
biomass using the allometric approach described above (Section 2.3.1), except that 391 
standing dead woody biomass was adjusted using species- and decay-class specific 392 
density reduction factors from Harmon et al. (2011), and structural loss adjustment 393 
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factors from Domke et al. (2011).  In 2004 we also made estimates of dead woody 394 
biomass in coarse woody debris (CWD) using field surveys.  For all downed woody 395 
material > 7.6 cm, estimates of CWD decay class and volume were estimated using 3 396 
methods: line intersect sampling (LIS), modified transect relascope sampling (MTRS), 397 
and fixed plot sampling, see Pesonen et al. (2009) and  Valentine et al. (2008) for details 398 
of each method type.  For the present study, two 100 meter transects (LIS), one 1 meter 399 
transect (MTRS), or four 1 m2 subplots per each of the 12 FIA style plots were sampled.  400 
CWD volume was then multiplied by species- and decay class- specific density values 401 
from Harmon et al. (2008) to estimate CWD biomass.  Total dead woody biomass in 402 
2004 was estimated as the sum of CWD and standing dead pools. 403 
Because we had only a single measurement of standing dead biomass and CWD 404 
in 2004, we estimated changes in dead woody biomass using annual inputs to the dead 405 
woody pool (from known live tree death and measured branchfall), while accounting for 406 
loss of carbon through decay from standing and downed dead wood using a decay rate of 407 
0.0467 (the weighted average of the rates reported in Russell et al. (2014) for hardwoods 408 
and conifers based on the proportion of standing dead wood in our plots).    To derive the 409 
mean annual change in total ecosystem carbon stocks (∆C) we assumed the 410 
predominantly angiosperm woody biomass was comprised of 49% C with a standard 411 
error of 2% (Thomas and Martin, 2012).  Uncertainty due to initial estimates of dead 412 
woody biomass, %C, and decay rates from Russell et al. (2014), and the assumption of no 413 
changes in soil C stocks were propagated using standard error propagation techniques and 414 
reported as 95% confidence intervals.   415 
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2.5. Potential drivers of interannual variability 416 
To investigate the potential drivers of interannual variation in woody NPP, NEE, GPP, 417 
and Re, we used a suite of meteorological and phenological parameters measured at the 418 
flux tower including incoming total, direct, and diffuse photosynthetically active 419 
radiation (PAR), air and soil temperature, soil thaw day, precipitation, relative humidity, 420 
vapor pressure deficit, soil moisture content, the length, start and end dates of periods of 421 
gross and net carbon uptake, as well as the length of the vernal window - defined here as 422 
the number of days between soil thaw and the onset of gross carbon uptake (where mean 423 
daily GPPEC averaged over a 7 day period, exceeded 4 umoles CO2 m
-2 sec-1).  We also 424 
calculated a drought index by counting the number of growing season days where the 425 
volumetric water content (VWC) was less than 17.5%; a value that represented 50% of 426 
the growing season mean during 2004-2016.  In addition to these meteorological and 427 
phenological parameters we collected data on biochemical and biological parameters 428 
including annual concentrations of foliar nitrogen (estimated following Smith et al. 429 
(2008)) and masting years from Potter et al. (2015).  Annual estimates of growing season 430 
canopy level Amax and dark respiration (Rd) from the eddy flux data were estimated 431 
using a light response curve (eq. 4).  For this analysis, all high-quality (ustar-filtered, 432 
non-gapfilled) measurements of half hourly NEP during June-August were used with 433 
measured PAR to estimate model parameters (e.g. Amax, Rd). 434 









 −  𝑅𝑑    (4) 435 
where PAR was the measured incoming photosynthetically active radiation and a was the 436 
quantum yield. 437 
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 Both current year and 1 year lagged annual and seasonal data from these metrics 438 
were compared to measured C fluxes using stepwise linear multiple regression analysis 439 
with AIC (Akaike information criterion) to identify significant relationships.      440 
2.6. Statistical Methods and Uncertainty Propagation 441 
To combine estimates of uncertainty from various sources (e.g. temporal, spatial, 442 
analytical, etc.) standard uncertainty propagation techniques were used.  Specifically, to 443 
add sources of uncertainty the following approach was taken:  444 
   𝑆𝐸(𝑥+𝑦) = √(𝑆𝐸𝑥)2 + (𝑆𝐸𝑦)2     (5) 445 
Where SE is standard error of component x, y, or (x + y).  95% confidence intervals were 446 
then estimated as 1.96 * SE. 447 
3. Results 448 
3.1. Estimated carbon fluxes using multiple approaches 449 
3.1.1. Multiyear mean fluxes 450 
Estimates and associated uncertainties of mean ecosystem C fluxes during 2004-2016 are 451 
shown in Table 1 and include components of NPP, respiratory fluxes, and estimates of 452 
NEP, GPP, and Re.  Mean (2004-2016) estimates of NEPEC, NEPB, and ∆C ranged from 453 
120-133 g C m-2 yr-1, indicating surprising consistency in multiyear mean estimates of 454 
ecosystem net carbon flux across top-down and bottom-up approaches.  All three 455 
approaches indicate that this aging 100-125 year old stand is a moderate carbon sink.  456 
Eddy covariance and biometric estimates of mean (2004-2016) GPP and Re also differed 457 
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by less than 5% and were statistically indistinguishable.  Total belowground carbon 458 
allocation (calculated as soil respiration minus fine litterfall) was estimated at 656 ± 54 g 459 
C m-2 yr-1, within the range reported for stands of similar age within BEF (620-681 g C 460 
m-2 yr-1) (Bae et al., 2015).   461 
 The magnitude of uncertainty in NEP, GPP, and Re differed across approaches.  462 
For estimates of NEP, eddy covariance (132 ± 49 g C m-2 yr-1) and inventory (133 ± 34 g 463 
C m-2 yr-1) approaches had much lower uncertainty than biometric estimates of NEP (120 464 
± 156 g C m-2 yr-1).  Uncertainty in eddy covariance estimates originate both from the 465 
measurements themselves as well as filtering and gapfilling procedures.  Estimates of the 466 
uncertainty due to potential biases in the selection of a ustar filter were not included and 467 
would increase the reported uncertainty (Figure 2).  Uncertainty in biometric estimates of 468 
NEP are largely driven by uncertainties in fine root and mycorrhizal NPP as well as the 469 
heterotrophic portion of soil respiration (17%, 36%, and 42% of total error respectively). 470 
Because estimates of the production of mycorrhizal fungi are lacking from many 471 
forest C budget efforts, we also used Monte Carlo simulations to calculate NEPB 472 
excluding our mycorrhizal C flux estimates, using only mean fluxes and uncertainty from 473 
the other components of NEPB.  Excluding our estimates of mycorrhizal production 474 
resulted in NEPB near zero (-3 ± 123 g C m
-2 yr-1), and an inconsistency between NEPB 475 
and both NEPEC and ∆C.     476 
3.1.2 Components of NPP 477 
Mean annual NPP was estimated at 615 ± 118 g C m-2 yr-1.  Growth of woody biomass 478 
including aboveground components of large and small trees, and replacement of 479 
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branchfall comprised approximately 33% of total NPP (238 ± 30 g C m-2 yr-1).  Annual 480 
production of foliage, fruits, flowers, and seedlings was estimated at 143 ± 15 g C m-2 yr-481 
1 or 23% of total NPP.  This value may be an underestimate due to removal of seeds from 482 
litter baskets by small mammals.  Estimates of fine root production and production of 483 
mycorrhizae were 110 ± 64 and 124 ± 93 g C m-2 yr-1, respectively, and, along with 484 
coarse woody roots, resulted in a belowground production estimate that was 44% of total 485 
NPP.  Uncertainties in estimated belowground C fluxes to mycorrhizae are unknown, but 486 
are likely to be large.  If we set this value at 75% of our measured estimate, then 487 
uncertainties in belowground fluxes (including fine root production) accounted for 94% 488 
of the uncertainly in total NPP.       489 
3.1.3. Respiratory Fluxes 490 
Estimates of autotrophic and heterotrophic components of soil CO2 flux, as well as 491 
respiration from woody biomass and foliage are shown in Table 1.  Soil respiration 492 
represented the largest component of ecosystem respiration at 810 ± 48 g C m-2 yr-1.  493 
Estimates of soil respiration from manual chambers and autochambers were within 5% of 494 
one another and annual estimates were relatively insensitive to the type of model used to 495 
scale instantaneous measurements to annual fluxes (data not shown).  Modelled winter 496 
fluxes from manual and autochambers were similar to estimates over the same time 497 
period using a soda lime technique (data not shown).  Annual soil respiration estimates 498 
are also within the range estimated at similar stands elsewhere within the Bartlett 499 
Experimental Forest (790-864 g C m-2 yr-1; Bae et al., 2015).    500 
The heterotrophic portion of soil respiration (using the partitioning approach 501 
described above) was estimated at 434 ± 101 g C m-2 yr-1, and was the largest 502 
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heterotrophic component of ecosystem respiration.  In comparison, independent estimates 503 
of RSH from summing inputs of detritus were 388 g C m
-2 yr-1.  This value is within the 504 
uncertainty but lower than our estimates of RSH using the partitioning approach.  In the 505 
ecosystem is roughly in steady state with regards to soil inputs and outputs, then 506 
estimates of RSH made by summing detrital inputs are likely underestimates because they 507 
exclude inputs from incorporation of CWD and root exudates.  Heterotrophic respiration 508 
from aboveground dead woody biomass was estimated at 61 ± 12 g C m-2 yr-1.   509 
The autotrophic portion of soil respiration was the largest component of 510 
autotrophic ecosystem respiration (55%) at 376 ± 101 g C m-2 yr-1.  Autotrophic 511 
respiration from foliage and live woody material together make up 45% of total 512 
autotrophic respiration, estimated at 149 ± 20 and 153 ± 114 g C m-2 yr-1, respectively.   513 
Measurements of the components of ecosystem respiration include soil respiration 514 
as well as aboveground foliar and woody respiration.  We had measurements for total soil 515 
respiration and foliar respiration but lacked direct measurements of respiration from 516 
aboveground woody material.  To assess the consistency of our estimates of aboveground 517 
woody respiration with estimates of other measured carbon fluxes in this system, we 518 
compared mean daily estimates of ReEC to soil respiration (Rs), to estimate respiration 519 
from aboveground components Rabv.  The difference between mean annual ReEC and Rs 520 
was 343 g C m-2 yr-1, or ~30% of ReEC (Figure 3a). In comparison, the sum of our 521 
estimates of aboveground live foliar and woody autotrophic, as well as dead woody 522 
heterotrophic respiration from biometric estimates totaled 363 g C m-2 yr-1, roughly 31% 523 
of ReEC.   524 
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3.2. Interannual variation and climate drivers 525 
Considerable interannual variation in several meteorological and phenological variables 526 
occurred over the 13 year period (2004-2016) used to calculate mean C fluxes.  For 527 
example, mean annual air temperature varied by nearly 2oC, mean spring (Julian days 76-528 
135) and early summer (Julian days 136-215) air temperatures by more than 3oC, and 529 
mean winter air temperature by more than 6oC.  Variables related to the start of the 530 
growing season also differed significantly over the 13 year period with variations in soil 531 
thaw day of more than a month, the onset of gross carbon uptake by more than 2 weeks, 532 
and the length of the vernal window by more than 5 weeks.  In addition, growing season 533 
precipitation ranged from 279 to 680 mm, while the number of growing season days with 534 
a mean volumetric water content (VWC) less than 17.5% ranged from 0 to 42 days per 535 
year.   536 
Interannual variation in eddy covariance estimates of GPP, Re, and NEP during 537 
this 13-year period varied by ±9%, ±12%, and ±80% around their means, respectively.  538 
We used stepwise multiple regression and model averaging to identify the phenological 539 
and meteorological parameters that were most strongly related to interannual variation in 540 
C fluxes (e.g. Hui et al., 2003).  Using simple regression approaches, a majority of the 541 
interannual variation in GPPEC were captured using a two-parameter model (r
2 = .83 p < 542 
0.0001) that included growing season soil temperature (negative correlation) and total 543 
incoming PAR during the growing season (positive correlation) - the two parameters that 544 
were used to parameterize the gap filling models employed for ReEC and GPPEC, 545 
respectively.   Similarly, interannual variation in ReEC was most strongly related to 546 
fluctuations in mean annual soil temperature (positive correlation). 547 
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Because of the predominance of gap-filled estimates in computing annual sums, 548 
we took a second approach to assess potential controls on interannual C flux variability 549 
using only high quality, half-hourly NEE data to parameterize a simple Michaelis-Menten 550 
light-response model.  Interannual variation in modelled parameter estimates of canopy 551 
level maximum gross carbon uptake (Amax) and dark respiration (Rd) were regressed 552 
against meteorological and phenological variables.   553 
The strongest correlation with growing season (June-August) Amax, was the 554 
length of the vernal window, defined here as the number of days between soil thaw and 555 
the start of the C uptake period (r2 = 0.74, p < 0.00031; Figure 4b).  Taken separately, soil 556 
thaw day was also significantly, positively correlated with Amax (r2= 0.44 , p = 0.019; 557 
Figure 4a), while the start of C uptake was not (p = 0.12).  A longer vernal window (and 558 
an earlier soil thaw day) was correlated with a lower canopy Amax.  Adding additional 559 
parameters did not result in an improved model and we did not detect a correlation 560 
between Amax and previous year net or gross C uptake at annual or seasonal time scales.  561 
Interannual variation in estimates of canopy-level dark respiration from the light-response 562 
model was positively correlated to Amax (r2 = 0.69, p = 0.0009), and, showed a similar 563 
negative correlation with the length of the vernal window (r2 = 0.47 p = 0.0014  564 
Annual wood growth (Figure 5a) was compared to both current-year and previous 565 
year meteorological and phenological variables as well as GPPEC and NEPEC, across a 566 
range of time periods (seasons).  No significant relationship was detected between annual 567 
wood production and variations in gross or net carbon uptake from any time period 568 
(current-year or lagged).  Instead wood growth was best predicted with a two parameter 569 
model that included early summer air temperature and the number of growing season 570 
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days with soil volumetric water content less than 17.5% (r2 = 0.75, p < 0.002, RMSE = 571 
16.9 g C m-2 yr-1; Figure 5b), with higher wood growth rates occurring in warmer and 572 
wetter years. 573 
4. Discussion 574 
4.1. Comparison of top-down and bottom-up approaches and 575 
uncertainty using mean C fluxes 576 
Any technique for quantifying ecosystem-scale carbon dynamics has both strengths and 577 
limitations.  Comparing top-down eddy covariance estimates of C exchange and bottom-578 
up biometric estimates of C fluxes can serve as a valuable cross-validation tool, and can 579 
improve estimates of both an ecosystem’s carbon balance as well as its components.  At 580 
BEF, differences in 13 year mean (2004-2016) estimates of NEP, GPP, and Re between 581 
eddy covariance and biometric approaches were all within 10% of one another, indicating 582 
surprising consistency between methods despite large difference in their underlying 583 
sources of error.  Consistency between eddy covariance and biometric approaches is 584 
often seen when comparing multiyear mean estimates.  For example, at a secondary 585 
successional mixed northern hardwood forest in Michigan, the difference between NEP 586 
from eddy covariance and biometric approaches varied by up to 148% for individual 587 
years, but converged to within 1% of one another using 5 year mean estimates (Gough et 588 
al., 2008).  589 
The agreement in eddy covariance and biometric C flux estimates at BEF 590 
provided confidence in estimates of difficult-to-measure C fluxes, and highlighted the 591 
advantage of complementary methodological approaches.  For example, the flux tower at 592 
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BEF is situated within a valley at 250 m above sea level, and on all sides the surrounding 593 
land rises to >750 meters above sea level within 3 km of the flux tower (Figure 1).  This 594 
topographic relief increases the potential for advective transport of CO2, which could lead 595 
to underestimates of C exchange measured at the top of the eddy covariance flux tower.  596 
Advective losses are a well-known challenge when using the eddy covariance technique 597 
and have been dealt with in several ways; the most common being the application of a 598 
ustar (friction velocity) threshold filter to exclude data when atmospheric turbulence is 599 
not developed enough to minimize horizontal advective transport(Aubinet, 2008; Aubinet 600 
et al., 2012).  Following the ustar filter threshold selection approach of Barr et al. (2013), 601 
the high ustar threshold determined at BEF (0.5 m s-1), in addition to other data gaps 602 
resulted in exclusion of >90% of available nighttime data (Figure 2).  Despite this 603 
tradeoff in data quantity, using only high quality, ustar filtered data, resulted in good 604 
agreement with biometric approaches. 605 
The use of biometric data to estimate NEP, GPP, and Re requires estimates of C 606 
flux to several ecosystem pools that are extremely difficult to measure.  At BEF 607 
aboveground fluxes of net primary production are relatively well-constrained, while 608 
belowground C fluxes to fine roots and especially mycorrhizal fungi have higher 609 
uncertainty.  However, not including estimates of these difficult-to-measure fluxes 610 
resulted in an inconsistency between biometric and eddy covariance estimates of gross 611 
and net C fluxes.  In lieu of making individual estimates of fine root and mycorrhizal 612 
production, a mass balance approach to estimate total belowground carbon allocation 613 
(TBCA) described in (Davidson et al., 2002), can be used, although it does not 614 
distinguish between fine root and mycorrhizal fungi production.  This approach assumes 615 
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that soil carbon stocks are at or near steady state and requires only estimates of soil 616 
respiration and aboveground fine litterfall.  At BEF, TBCA was estimated at 656±54 g C 617 
m-2 yr-1, similar to estimates of the sum of coarse and fine root production, mycorrhizal 618 
production, and soil autotrophic respiration, 644 g C m-2 yr-1.   619 
Estimates of aboveground foliar and woody respiration are also difficult to 620 
constrain given their biological control and temporal heterogeneity.  The difference 621 
between estimates of ecosystem respiration and soil respiration is a mass balance 622 
approach that can estimate respiration of aboveground ecosystem components (Giasson et 623 
al., 2013).  At BEF, this approach yielded similar results (343 g C m-2 yr-1) to our initial 624 
estimates of aboveground respiration (363 ± 117 g C m-2 yr-1).  This mass balance 625 
approach also yields estimates at a fine temporal resolution and may capture important 626 
phenological events (Davidson et al., 2006).  At BEF estimates of Rabv using this mass 627 
balance approach highlight the phenological influence on aboveground respiration, with 628 
Rabv contributing a relatively large proportion of Re during spring leaf out (and the onset 629 
of wood growth) and during autumn leaf senescence (Figure 3b).        630 
 The consistency of our initial C flux estimates with mass balance approaches that 631 
used soil respiration, aboveground litterfall, and ReEC to calculate TBCA and Rabv, 632 
demonstrate the benefit of including these as routine data streams at eddy covariance 633 
network sites.  Including soil respiration and litterfall measurements at flux sites provides 634 
valuable information on both above and belowground ecosystem C fluxes allowing for 635 
not only cross validation of ecosystem C fluxes but the ability to more rigorously test 636 
ecosystem models (McFarlane et al., 2014; Phillips et al., 2017). 637 
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4.2. Interannual variation 638 
4.2.1 GPP, Re, Amax 639 
Interannual variations in GPP, Re, NEP, and parameters describing light response 640 
functions are determined by both direct and indirect drivers, and have the potential to 641 
provide insight into how ecosystems might respond under future climate.  A complication 642 
in understanding the drivers of interannual C variation from eddy covariance is the 643 
abundance of gap-filled data.  At BEF, on average, 90-95% of nighttime and nearly 50% 644 
of daytime fluxes during the growing season were gap-filled.  It is thus not surprising that 645 
interannual variation in gap-filled GPPEC and ReEC were strongly related to temperature 646 
and incoming PAR, the two variables used to parameterize the gap-filling models.   647 
Although short term (hours to days) changes in temperature and PAR are 648 
frequently correlated to short term variations in C fluxes (and hence why they are used in 649 
gap-filling models), they may not be directly related to interannual variation in C fluxes. 650 
Several studies have shown the importance of variation in the biotic response to abiotic 651 
drivers, especially for regulating interannual carbon flux variation (Richardson et al., 652 
2007).  Data from BEF support a similar conclusion.  For example, using only high-653 
quality, raw (not gap-filled) data, the strong relationship between growing season canopy 654 
Amax (and Rd) and the length of the vernal window suggests that indirect mechanisms 655 
(biotic responses) are important in regulating canopy C exchange.   656 
Mechanisms through which the length of the vernal window can influence canopy 657 
photosynthesis are not well understood.   In the northeastern US, a longer vernal window 658 
has been correlated to winters with a reduced snowpack (Contosta et al., 2016).  Other 659 
studies have repeatedly linked reduced snowpack to an increase in soil freeze-thaw events 660 
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and increases in the loss of nutrients through both dissolved and gaseous pathways 661 
(Matzner and Borken, 2008; Song et al., 2017).  For example, at the Hubbard Brook 662 
Experimental Forest (40 km west of BEF), both experimental (Campbell et al., 2014; 663 
Fitzhugh et al., 2001) and observational studies across a climate gradient (Durán et al., 664 
2016) have shown increased losses of nitrogen and decreased N availability following 665 
winters with reduced snowpack.  Whether decreases in soil nutrient availability prior to 666 
leaf out results in decreased foliar biomass, lower canopy nitrogen content, or reduced 667 
photosynthetic capacity is still unknown.  However, leaf area index (LAI) is often limited 668 
by soil nutrients and water (Cowling and Field, 2003), and numerous studies have shown 669 
significant increases in foliar biomass and LAI following fertilization, e.g. Gower et al. 670 
(1992).   671 
In addition to reductions in nutrient availability, earlier snowmelt has been shown 672 
to intensify forest hydrological cycles and increase springtime runoff (Creed et al., 2015).  673 
Late growing season water stress related to earlier snowmelt has also been suggested as 674 
the driver of decreases in peak growing season productivity in boreal forests (Buermann 675 
et al., 2013) and temperate forests of the western US (Hu et al., 2010).  At BEF the length 676 
of the vernal window is negatively correlated to soil moisture during the month prior to 677 
leaf out (r2 = 0.40, p = 0.027) but not to soil moisture during the late growing season (r2 = 678 
0.17, p = 0.16).  Although mechanisms relating growing season Amax to the length of the 679 
vernal window are not fully known, data from BEF suggest that winter and spring 680 




A few studies in temperate forests have found lagged effects on C fluxes (e.g. 683 
Howland Experimental Forest, Maine; (Richardson et al., 2013)).  At BEF we did not 684 
detect a correlation between prior year meteorological conditions or C uptake, with 685 
current year C fluxes.  In other work at BEF, Carbone et al., (2013) found that in stem 686 
wood of Acer rubrum trees, the nonstructural carbohydrate pool included both fast 687 
(younger) and slow (older) cycling subpools that could support growth and respiration of 688 
woody tissues.  The lack of a correlation we see between wood growth and prior year 689 
climate and C fluxes may in part be the result of the growth habit of foliage of tree 690 
species at BEF.  At BEF foliage and new shoots of the majority of the dominant species 691 
within the flux tower footprint have an indeterminate growth habit, meaning that during 692 
and after spring leaf expansion from the winter bud, the shoot apex remains active and 693 
continues to initiate additional leaves and shoot internodes if conditions are favorable.  Of 694 
the dominant species only American beech and sugar maple tend to have determinate 695 
type foliar and shoot growth, where the number of leaf buds (number of leaves) is 696 
determined at the end of the preceding growing season.  Many ecosystem models allocate 697 
C to foliar growth based more on a determinant type growth.  698 
4.2.2. Wood growth 699 
Despite the importance of wood growth for a variety of ecosystem services, we still do 700 
not fully understand the mechanisms controlling variability in wood growth and how they 701 
may respond under future climate scenarios.  Evidence from broad-scale analyses suggest 702 
a tradeoff between C allocation to wood versus fine roots, reflecting a tradeoff between 703 
acquiring growth limiting nutrients and/or water and competition for space in the sunlit 704 
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canopy (Dybzinski et al., 2011; Litton et al., 2007).  Whether this tradeoff at ecosystem 705 
scales occurs interannually within an ecosystem is unknown.   706 
Alternatively, wood growth is often viewed as “source” (C supply) versus “sink” 707 
(C demand) limited (Körner, 2015).  At broad spatial scales wood growth generally 708 
correlates to GPP (Litton et al., 2007).  This is why wood growth in many terrestrial 709 
ecosystem models is primarily source-driven, where wood production is linked to the 710 
amount of gross photosynthesis.  However, recent work has downplayed the importance 711 
of C source in controlling wood growth and has emphasized the importance of 712 
climatically sink-driven metabolic and phenological processes (Delpierre et al., 2016, 713 
2015; Guillemot et al., 2015; Körner, 2003).  These studies indicate an earlier onset of 714 
xylogenesis, faster rates of cell division, and faster rates of cell division under warmer, 715 
wetter conditions.   716 
Our inability to detect a correlation between wood growth and either GPP or NEP 717 
at BEF suggests that interannual variations in wood growth are likely not directly “source 718 
driven.”  Instead, wood growth is more strongly related to early growing season air 719 
temperature and growing season soil water stress.  At BEF, wood growth was higher 720 
during years with warmer air temperatures during the early growing season and in years 721 
with ample growing season soil moisture, consistent with metabolic/phenologically 722 
“sink” driven mechanisms.  Further, at BEF Carbone et al. (2013) showed the importance 723 
of stored C to the growth and metabolism of woody biomass, indicating that C allocated 724 
towards wood growth relies on both recent photosynthate as well as internal reserve C 725 
pools derived from both older and recent photosynthates.  At broad-scales allocation to 726 
wood growth is likely controlled by C source (GPP) as well as tradeoffs involved in 727 
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acquiring growth limiting nutrients, while metabolically driven mechanisms may be 728 
important in regulating interannual variability within a site.    729 
5. Conclusion 730 
Long-term datasets using multiple approaches to estimate ecosystem carbon fluxes can 731 
provide cross validation of difficult-to-measure fluxes as well as potential insight into 732 
mechanisms that may be regulating C fluxes.  At BEF, top-down and bottom-up 733 
approaches to estimate gross and net C exchange agreed well at a multiyear scale and 734 
provided more confidence in several difficult-to-measure C fluxes such as aboveground 735 
components of ecosystem respiration and belowground allocation to mycorrhizal fungi.  736 
The results from BEF also suggest several potential relationships that may be important 737 
to understanding forest ecosystem C fluxes under future climate.  These include potential 738 
indirect effects of winter and spring climate (vernal window) on growing season 739 
photosynthesis, as well as direct metabolic (sink-driven) mechanisms driven by growing 740 
season climate.  Such mechanisms warrant future study to assess their importance and to 741 
allow for their potential inclusion in models aimed at predicting ecosystem C dynamics 742 
under future conditions.   743 
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Figure 1: A) Location of Bartlett Experimental Forest (BEF); B) Representation of topography 1046 





Figure 2: Plot of the percent of available nighttime data during the growing season (circles) and 1052 
mean annual ecosystem respiration (triangles) with changes in ustar, highlighting the tradeoff 1053 















































Figure 3: A) Mean daily CO2 flux by day of year for ecosystem respiration (ReEC), soil respiration 1058 
(Rs), and respiration from aboveground components of the ecosystem (Rabv); B) Ratio of Rabv to Rs 1059 





Figure 4: Relationship between growing season canopy level Amax and (A) soil thaw day, and (B) the 1065 
length of the vernal window during 2004-2016.  The vernal window is defined as the number of days 1066 














































































































Figure 5: A) Annual wood growth during 2004-2016 including both aboveground biomass and coarse 1070 
roots. B) Predicted vs. measured wood growth.  Predicted wood growth was estimated from a 2 1071 
parameter linear regression model using early summer air temperature (Julian days 136-215) and a 1072 
drought index (the number of growing season days with VWC < 17.5%; 50% of the growing season 1073 
mean VWC).  The outlier in B) is 2013 where measured wood growth was much lower than 1074 































































Table 1: Mean carbon fluxes and uncertainty at Bartlett Experimental Forest, NH (2004-2016) 1077 
 1078 
 1079 





(a) Aboveground Wood 204 ± 29 (1 + 2 + 3)
1) Large trees (>12.7 cm dbh) 143 ± 20 Allometry; annual DBH
2) Small trees (<12.7 cm dbh) 30 ± 5 Allometry; annual DBH
3) branchfall 31 ± 21 Annual branchfall tarps
(b) Foliage, fruit, flower 123 ± 11 Annual litterfall collection
(c) Understory/herbivory 20 ± 10 Allometery on microplots
(d) Woody roots 34 ± 7 Allometry; annual DBH
(e) Fine roots 110 ± 64 Root ingrowth cores
(f) Mycorrhizae 124 ± 93 Stable isotope approach
(h) Total NPP 615 ± 118 (a + b + c + d + e + f)
Respiratory Fluxes
(i) Total Soil Respiration (RS) 810 ± 48 Manual and auto-chambers
(j) CWD respiration 5 ± 5 CWD mass; mass loss rates
(k) Standing dead respiration 56 ± 15 Allometry; mass loss rates
(l) Woody autotrophic respiration 153 ± 114 0.118* GPPB; see methods
(m) Foliar respiration 149 ± 20 leaf level measurements
(n) Heterotrophic Soil Respiration (RSH) 434 ± 101 1.92 + 0.534 * (i); see methods
(o) Autotrophic Soil respiration (RSA) 376 ± 101 1 - (n)
Ecosystem Fluxes
NEPEC 132 ± 49 eddy covariance flux tower (-NEE)
NEPB 120 ± 156 NPP - Rh; (h - j - k - n)
∆C 133 ± 34 modified inventory approach
ReEC 1153 ± 69 eddy covariance flux tower
ReB 1172 ± 127 (i + j + k + l + m)
GPPEC 1285 ± 62 eddy covariance flux tower
GPPB 1292 ± 194 (h + l + m + o)
TBCA 656 ± 54 (i - b - 3)
